Pulse oximeters determine the oxygen saturation level of blood by measuring the light absorption of arterial blood. The sensor consists of red and infrared light sources and photodetectors. A method based on neural networks and wavelet analysis is developed for improved saturation estimation in the presence #of sensor motion. Spectral and correlation functions of the dual channel oximetry (data are used by a backpropagation neural network to characterize the type of motion. Amplitude ratios of red to infrared signals as a function of time scale are obtained from the multiresolution wavelet decomposition of the two-channel data. Motion class and amplitude ratios are then combined to obtain a short-time estimate of the oxygen saturation level. A final estimate of oxygen saturation is obtained by applying a 15 s smoothing filter on the short-time measurements based on 3.5 s windows sampled every 1.75 s. The design employs two backpropagation neural networks. The first neural network determines the motion characteristics and the second network determines the saturation estimate. Our approach utilizes waveform analysis in contrast to the standard algorithms that are based on the successful detection of peaks and troughs in the signal. The proposed algorithm is numerically efficient and has stable characteristics with a reduced false alarm rate with a small loss in detection. The method can be rapidly developed on a digital signal processing platform.
INTRODUCTION
Pulse oxirneters determine the oxygen saturation level of blood Iby measuring light absorption of arterial blood using a sensor comprised of a dual light source and photodetectors . Since the electronic pulse oximeter was, first introduced in clinical care about 15 years ago, the use of this device today has become a standard in general anesthesia. With potential applications in ambulatory health care, use of pulse oximeters is expected to increase significantly in the next few years. The underlying physical basis of the pulse oximeter is Beer's law which relates the intensity of light transmitted to the amount of solute concentration with the equation:
where Itransis the intensity of transmitted light, I,, is the intensity of incident light, D is the distance light is transmitted through the solute, C is the concentration of solute, and a @ ) is the extinction or absorption coefficient of the solute at wavelength A .
To estimate the oxygen saturation, a two-solute concentration is assumed. With corepresenting the oxygen hemoglobin, and C, representing the reduced or deoxyhemoglobin solute concentrations, a measure blood oxygen saturation level S can be defined: (2) In the literature [2] , use of the symbols SaO, and SpO, is the common practice; s = -C O Cr + Co however in this paper we will use S to represent blood oxygen saturation level. When photodiodes are placed across the finger tips, the amount of light that passes through the tissue is different for the two different wavelengths (red and infrared). Since oxyhemoglobin absorbs more infrared light and deoxyhemoglobin absorbs more red light, the absorption of infrared light relative to the red light increases with oxyhemoglobin. The ratio of the absorption coefficients can be used to determine the oxygen saturation of blood. This measurement indicates the cardiopulmonary state of the patient. extinction coefficients a s a o ( a ) a n d a,.@) for the two solutes, equation ( I ) can be written as, Our goal is to estimate saturation as the function of time. By writing the By taking the derivative of the logarithm of equation (3) we get, x(a, t) = -a , ,~) c , ( q -a,.w ;,U) (4) (4) we have, where g ( t ) = x(A,,< ,,/, t)and h(t) = x(A,,< ,,,, t ) . Hence, by measuring the dual channel signals representing red and infrared lights, and by knowing the extinction parameters a' s , equation ( 5 ) can be used to determine C, and it,. Assurning that the solute concentrations are constant over short time periods it can be shown that is S = C, /(Cv + 6,). In summary, using a dual light source we can solve for S even when the distance traversed D(t) and the light intensities are unknown.
An approach to saturation estimation is to solve simp1.y for the least squares amplitude ratio estimate 77 between h(t) and g(t) as given by, and then to use a calibration relationship between 77 and Sto determine the later.
Sensor or patient motion can complicate the interpretation of the signals g(t) and h(t). The effect of patient motion is an ill-understood problem and there is a high incidence of false alarm due to poor saturation estimates triggered by patient movements. In the presence of sensor motion, pulse oximeters based on simple algorithms are unstable, particularly for use in environments such as patient rehabilitation and home care. The focus of this work is on the problem of robust estimation of arterial oxygen in the presence of sensor recording problems associated with motion.
In section 2 we discuss the problem of motion detection1 and develop a solution using a backpropagation network operating on the correlation and spectral data as inputs to the network. The use of wavelets for saturation estimation is discussed in section 3. A complete system that combines motion detection and saturation estimation is discussed in section 4. In section 5 we discuss possible areas of for further improvements that can be made over the proposed design.
MOTION DETECTION USING NEURAL NETWORKS
Motion can cause serious difficulties in the monitoring of a variety of medical signal such as the EEG, EKG, and EMG, including pulse oximetry. Signal characteristics vary not only from patient to patient, but can vary even for the same patient at different times. The backpropagation neural network is an ideal tool for the detection and classification of such complex ill-defined signals A large database of training examples can be compiled using many hours of data from multiple patients. The number examples should be at least a 100 times larger than the number of weights in the network, and these examples should come from a variety of different types of saturation and recording conditions.
Network Architecture
As shown in Figure 1 , the second order statistics of g(t) and h(t) are computed and fed into a backpropagation neural network. In particular, we compute the autocorrelation and the cross-correlation fimctions of h(t) and g(t), together with the high-resolution AR spectral estimates of these two channels by segmenting the continuous data streams into short segments of 3.5 s. The network architecture consists of one hidden layer with three input units and one output unit. In general, the number of input units depends on the number of points spectral and correlation functions. For a 3.5 s segment and with a sampling period of 0.0 175 s, there are 200 data points. In order to reduce the dimensions of the input vector, the correlation and spectral functions were decimated, being careful that both resolution and the general shape of the functions were preserved. We found that 50 points for are sufficient to represent these functions; i.e., there were 150 input units.
Ranking the Motion Corrupted Data
inspection of the data; i.e., analysts ranked the quality of the data by looking at the raw data along with its spectral and correlation functions. Although a tedious process, developing an automated user-friendly environment allow analysts to go through hundreds of thousands of examples quite rapidly. We observed that the ranks obtained by visual inspection of the data are consistent when obtained with a set of pre-determined criteria such as spectral bandwidths, number of peaks, and the ratio of energy between high and low frequencies, etc. In summary, each 3.5 s segment data is ranked by an analyst on a scale from 0.1 (worst) to 0.9 (best) by looking at the spectral and autocorrelation functions plotted on the screen. Once a large number of such examples had been catalogued, the backpropagation network was trained. Using the ranks determined by the analysts, the backpropagation network was trained with the sampled correlation and spectral functions as inputs and the rank as the output. A detailed discussion on developing neural networks is discussed in [ 11. Trained with about 50,000 examples, the backpropagation network was able to distinguish various types of motion on untrained data. We found that the motion classification problem with spectral and correlation functions as inputs, and data quality or ranks specified by an analyst is an ideal solution to ill-defined problems of this nature. The approach outlined is both easy to implement and we The training procedure is based on ranking the type of motion by visual were able to address large variations in the data, from the highly distorted to the usual periodic oximetry data. We believe this approach to motion detection can also be used in other medical or non-medical data interpretation problems.
. SATURATION ESTIMATION USING WAVELETS
As noted earlier from the amplitude ratio parameter q , the saturation estimate can be determined using a simple calibration procedure. Our approach was to decompose the signals g(t) and h(t) into their wavelet coefficients, estimate a set of amplitude ratio parameters q 's at each of the wavelet transform scales, combine the 7 's together with the motion rankings to get a final estimate of the blood oxygen saturation estimate. The details of the wavelet dec~omposition method is discussed next.
Given the signals g(t) and h(t) from red and infrared sensors, we take the wavelet transform ofthe two channel data and obtain two sets of sequences:
{g,(t), g,(t), ..., g,(t))and {h,(t), h,(t), ..., h,,(t))
corresponding to a N-scale wavelet decompositiion. Since the wavelet transform is a linear transform of the form:
L r where ak 's are the discrete time scales and w(t) is the analyzing >wavelet, il can be shown that wavelet coefficients preserve the amplitude ratio of the signals. H[ence, we have N estimates of the amplitude ratio parameter from g(t) and h(t) given by,
(8)
I
We have used both pyramid and multiresolution algorithms [6] for computing the wavelet coefficients. However, the multiresolution is the preferred algorithm in this application as its preserves the number of data points for each scale, and from a visualization and noise detection perspective the output form of the multiresolution algorithm is quite useful. The multiresolution algorithm essentially interpolates the wavelet coefficients and with a desirable property,
where s g N ( t ) and s,, (t)are the last smoothing coefficients. An illustration of the wavelet decomposition algorithm is shown in Figure 2 . The wavelet we have used is the Vetterli's 22-coefficient wavelet. Finally, we note that when a signal is composed of two or more distinct signals or modes, the method proposed here has the advantage that it will find the correct scaling parameter q, for each time-scale, independent of the other time-scales.
SATURATION ESTIMATION WITH SENSOR MOTION
We now describe a neural network that combines the signal ranks and the amplitude ratio parameters to obtain short-time saturation estimates, and how the sequence of saturation estimates from the neural network is smoothed with filter to obtain a final saturation estimate. The overall estimation algorithm has proven to be useful for analysis of motion corrupted data.
As shown in Figure 3 , a backpropagation neural network is used to combine the type of motion with the amplitude ratio parameters of the different scales of the signal to produce the final saturation estimate. The network has seven inputs (corresponding to six amplitude ratio parameters and the rank), one output corresponding to the saturation estimate, and a hidden layer with three hidden nodes. The output of this network is then smoothed or averaged over time to obtain the final saturation estimate of the system. This long time average (approximately 15 s) helps reduce the variance of short-time estimates based on 3.5 s signal segments. The results of this algorithm are compared with a standard algorithm in Figure 4 . Note that for stationary sensors, performance of this algorithm is quite similar to the standard algorithm.
Performance of the proposed method in the presence of strong motion and sensor noise is summarized by a receiver operating characteristics (ROC) presented in Figure 6 . A false alarm is noted when the saturation estimate falls below a certain level due to sensor noise when in fact the true saturation (obtained froin another stationary sensor for the same patient and at the same time) is above the threshold of alarm. Similarly, an true alarm occurs when both the estimate and the known saturation fall below the threshold. Hence, the probability of false alarm versus probability of detection can be estimated with many hours of oximetry data.
Care needs to be exercised in the analysis such that periods of continuous alarms are not counted more than once. As shown in Figure 6 , the algorithm proposed in this paper has a reduced rate of false alarm at the 80% detection level. This is an important improvement as false alarm is the most disturbing element in the operation of the pulse oximetry. The reduced detection probability observed in the ROC'S is a result of the fact the database was lacking in the number of true alarms and resulting in lower detection probabilities.
. SUMMARY AND FUTURE RESEARCH
We developed a motion detection and saturation estimation algorithm which is based on analysis on waveform properties. While conventional algorithms are based on detecting peaks and troughs of the signal are usehl for high signal-to-noise ratio data, the proposed algorithm is designed to perfonn with data corrupted by motion and sensor noise. We compared the performance with a conventional technique and our preliminary conclusion is that our method is superior. The design is based of computing the autocorrelation, cross-correlation, and spectra of the dual channel oximetry data, and then using neural networks for motion characterization. Wavelet decomposition is used in the saturation estimation as a function of the time scale because the transient properties on the oximetry data are optimally preserved in the wavelet coefficients. A possible research area would be to design an optimal wavelet for the pulse oximetry signals. Receiver operating characteristics of the proposed method has less false alarm rate compared to the standard algorithm at the 80% detection level.
